Research
Background
Transcriptional regulatory networks are important for controlling many biological phenomena, such as development and cell proliferation. Even in bacteria, elucidation of such networks or identification of co-regulated genes (regulons) is essential for understanding many cellular processes. Because co-regulated genes are likely to function for the same purpose, identifying them can also provide hints on gene function. The microarray technique, which enables us to monitor the expression levels of thousands of genes in parallel, appears very powerful for identifying co-regulated genes and several articles on this technique have been published [1] [2] [3] . Even if we can ignore experimental artifacts, however, it is not always easy to set experimental conditions to identify differential expression patterns of uncharacterized genes. Thus, it would be desirable to develop some computational methods that can supplement such experimental techniques.
In recent years, several computational approaches to identifying co-regulated genes have been reported. Because transcription is regulated by transcription factors that bind DNA in a sequence-specific manner, comparison of gene upstream regions could, in principle, identify co-regulated genes. Thus, a classical and most widely used method for predicting co-regulated genes is to search upstream regions for sequence segments similar to known binding sites for transcription factors [4] [5] [6] . This approach is, however, applicable only when information on binding sites is available. Furthermore, as DNA sequences recognized by a single transcription factor are only about 6-10 base pairs (bp) long and are not strictly conserved, many false-positive matches would be unavoidable.
One way to overcome this difficulty is to use conservation information across species. New members of co-regulated genes have been predicted on the basis of conservation of hypothetical transcriptional regulatory sites between several eubacteria such as Escherichia coli and Haemophilus influenzae [7] [8] [9] . A similar approach was also applied to the analysis of four archaeal candidate regulons [10] . In that approach, the heuristic that many binding sites are quasipalindromic was also used. McGuire et al. have exploited the possibility of using conservation in a wider range of species [11, 12] . To reduce false-positive hits, candidate genes were prescreened using a priori knowledge such as their function, the metabolic pathway they belong to, and their functional coupling predicted from conserved operons, protein fusions and correlated evolution. Techniques for detecting conserved elements in noncoding regions across species have also been studied [13] [14] [15] .
For bacterial genes, McCue et al. developed an elaborate algorithm for detecting potential binding sites in sets of upstream regions of orthologous genes [16] . Their method also assumes the palindromic nature of binding sites. Thus, it is evident that such a method would fail to detect nonpalindromic binding sites, of which there are many. It is also questionable whether the molecular mechanisms of transcription in distantly related bacteria have been well conserved and whether each orthologous transcription factor recognizes exactly the same consensus pattern in each species. Furthermore, the problem of detecting conserved elements is not simple; we should carefully observe each case of conservation and optimize parameters to detect as many known binding sites as possible.
In this paper, we used three closely related genome sequences to predict co-regulated genes of Bacillus subtilis. Our method consists of two parts; first, we identified phylogenetically conserved elements (PCEs) in the upstream intergenic regions of B. subtilis genes; then they were clustered according to the similarity of PCEs in their upstream region. In addition, each of the obtained clusters, predicted to be co-regulated, was examined in terms of existing knowledge of regulons and functional information from downstream genes. The species used for this analysis are: B. subtilis [17] , B. halodurans [18] , and B. stearothermophilus (genome sequence incomplete; see Materials and methods). We selected these sequences for three reasons. First, the interpretation of the comparison of upstream regions of orthologous genes would be more straightforward because their regulatory mechanisms are also likely to be conserved. Second, we have constructed a database (DBTBS) of B. subtilis promoters and transcription factors by literature survey [19, 20] . Therefore, it is easier to check the predictions and optimize parameters. Third, an international project on functional genomics, including transcriptome analysis, of B. subtilis is ongoing [21] . Thus, our predictions have more chance of being tested experimentally. Here we report the results of our prediction of co-regulated genes in B. subtilis without any prior knowledge or assumption. The extensive evaluation of these results is also described.
Results and discussion

Detection of PCEs and their verification
We could analyze the upstream regions of 1,568 B. subtilis genes. For 675 of them, orthologous genes were found in both B. halodurans and B. stearothermophilus, for 706 in B. halodurans only, and for 187 in B. stearothermophilus only. The genome sequence of B. stearothermophilus is still incomplete; its length was 3,286,068 bp on 21 February 2001. If we assume that the genome of B. stearothermophilus is about the same size as that of B. subtilis, the data roughly correspond to three-quarters of all genes.
Within the upstream regions of these 1,568 genes, we identified 1,884 PCEs. For comparison, we generated five pseudogenomes of scrambled upstream regions; for this we took all upstream regions of these genes and randomly placed them in front of randomly chosen genes. Then, the same PCE identification procedure was applied to each pseudogenome. In these cases, we can basically regard detected PCEs as spurious. On average, 793 spurious PCEs were identified (the standard deviation is 26.7). Figure 1 shows the histogram of scores calculated against these PCEs. The score of spurious PCEs is relatively low, suggesting that their length is relatively short. We estimate that over half of the 1,884 PCEs are meaningful and that this ratio becomes higher for longer PCEs. These PCEs were also compared with known binding sites for transcription factors using the DBTBS database [19, 20] and literature survey. Table 1 summarizes the result for each known transcription factor. In total, 52 of 122 known binding sites overlapped with the PCEs. For some transcription factors such as GltR, ComA and IolR, the orthologous genes themselves could not be identified, whereas orthologous genes of most genes regulated by some factors, such as DegU and GerE, could not be found. On the other hand, 6 of 11 known binding sites of CcpA overlapped with PCEs.
Clustering of PCEs and its verification
Using the clustering process, 188 clusters were obtained which contained many known or possible co-regulated genes (see below). To estimate the number of false positives, we performed the same clustering procedure five times against Figure 2 shows the histogram of similarity scores used during these clustering processes. It shows that many false-positive clusters can occur by chance around a cut-off score of 60, but that they are rare above score 80. Although about half of detected PCEs might be false positives, such PCEs are usually short ( Figure 1 ) and the similarity score between them is relatively low (Figure 2 , blue bar). We therefore conclude that non-meaningful PCEs are rarely included in our clustering results, at least in the clusters with higher scores.
Prediction of co-regulated genes
Among the 188 clusters obtained, we excluded 34 because of the alignment of hypothetical Shine-Dalgarno (SD) sequences (see below). The remaining clusters, ranked by the highest similarity score within each cluster, are available as a table online (see Additional data files). We expect that many members of each cluster will be co-regulated by a common factor, especially when their similarity scores are above 80. We now discuss the clustered genes in terms of some typical regulons ( Table 2) .
Clusters 2 and 3: the T-box family
One of the most conspicuous clusters detected in our analysis was the so-called T-box family, which consists of many aminoacyl-tRNA synthetase operons and some operons related to amino-acid biosynthesis [22] . It is known that these operons are regulated by the attenuation mechanism, where an uncharged tRNA molecule is used as an effector. The PCE shared in cluster 2 is a part of the attenuation region where an uncharged tRNA is believed to bind (the T-box), whereas the PCE in cluster 3 is a region loosely complementary to the T-box. All the members of cluster 3 are included in cluster 2. In addition to 11 aminoacyl-tRNA synthetases, it makes sense that proB and ilvB were clustered because their function is related to amino-acid synthesis. However, three additional members could not be detected; two of them had less similar or shorter PCEs and the other did not have an orthologous counterpart.
Cluster 34: the pyr operon
The pyr operon contains at least three genes, each of which is directly regulated by PyrR, a transcription attenuation regulator ( [23] and Figure 3a ). Each leader region of these genes can form three different RNA secondary structures (terminator, antiterminator and anti-antiterminator) when transcribed ( [24] and Figure 3b ). PyrR then binds to the anti-antiterminator regions of the mRNAs. Cluster 34 contains pyrR and pyrP, their PCEs corresponding to a part of each anti-antiterminator. The other gene, pyrB, was, however, not detected because its PCE was not sufficiently well conserved to become long enough for clustering.
Clusters 1, 5 and 11: S-box regulon
The S-box regulon is a hypothetical regulon relating to methionine and/or cysteine biosynthesis. The leader regions of its putative transcriptional units have considerable sequence similarity and seem to form complex secondary structures that are similar to those in the pyr operon [25] . Three different PCEs were identified in our analyses, each of which forms a cluster related to each of the others. The PCEs correspond to several parts of the hypothetical anti-antiterminator region, where an unidentified binding factor is postulated to stabilize its secondary structure [25] . Of the eleven putative members of this regulon, seven were included in at least one of these clusters whereas three could not be detected because of the lack of orthologous genes. The leader region of the remaining one, cysH, was very poorly conserved.
Clusters 14 and 20: hypothetical xanthine metabolic regulon
It has been suggested that the expression of the xpt-pbuX operon in B. subtilis is regulated by a termination-antitermination control mechanism similar to the mechanism suggested for the pur biosynthesis operon, purEKBC-SLQFMNHD [26] . It has been speculated that the regulatory proteins of these two operons are the same because they seem to have the same effector -xanthine [26] . Our results support this hypothesis because xpt and purE were clustered in cluster 20. xpt also belongs to another cluster, 14, with pbuG.
As the PbuG protein has the characteristic Pfam [27] domain of the xanthine/uracil permease family, pbuG is very likely to be a new member of the xanthine metabolism regulon.
Cluster 6: class III heat-shock regulon
This cluster corresponds to a part of the class III heat-shock regulon, which is regulated by CtsR. Cluster 6 contains two of the three known genes that have experimentally verified CtsR-binding sites [28, 29] . Interestingly, cluster 6 contains dnaJ, which belongs to the dnaK operon -hrcA-grpE-dnaKdnaJ-yqeT-yqeU-yqeV [30] . As the dnaK operon is involved 
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in the class I heat-shock regulon (which corresponds to cluster 13) and as there is an internal promoter between dnaK and dnaJ [30] , there is likely to be regulatory overlap between the class I and the class III heat-shock regulons.
Clusters 12, 47, 52 and 59: genes under glucose repression
The largest genetic network identified so far in B. subtilis is the regulatory system that is stimulated by glucose repression, in which the transcription factor CcpA has a central role [6] . In our analysis, not many known CcpA-dependent genes were clustered and they were even split into three subgroups (clusters 47, 52 and 59). Two members of cluster 47 have PCEs overlapping with the CcpA-binding site, and another member, yvfK, was recently shown in a microarray experiment to be under glucose repression [31] . In cluster 52, araA was also shown to be under glucose repression. It seems very likely that CcpA regulates all members of this cluster because their PCEs are similar to the CcpA-binding site and their functions are consistent with this hypothesis. As for cluster 59, both of its two members, bglP and sucC, were shown to be under glucose repression [31] . Many other known genes are regulated by CcpA. As shown in Table 2 , their CcpA-binding sites reside within their coding regions in most cases, whereas these sites can be less conserved in other cases. As noted above, many of the known binding sites overlap with PCEs. Therefore, it seems possible that the split into subgroups has some biological meaning.
There are also co-expressed genes that are subject to CcpAindependent glucose repression. All three members of cluster 12 were shown to be under glucose repression, two of which, gapB and pckA, were shown to be CcpA-independent in a recent systematic experiment [31] . Our results support this because PCEs in cluster 12 are not similar to the CcpAbinding site.
Potentially new regulons/members
As described above, we found several potentially new members of known regulons: for example, dnaJ in cluster 6, pbuG in cluster 14, kduI and odhA in cluster 52 (see table in Additional data files for more examples). In addition, topA in cluster 15 is likely to belong to the Spo0A regulon because PCEs of this cluster is very similar to the Spo0A-binding site and its functions are related to sporulation. There are, however, potential regulons not reported so far. For example, aroA and aroF in cluster 29 seem to constitute a regulon related to the metabolism of aromatic amino acids. In this regard, clusters 24 and 16 are especially interesting. Cluster 24 contains two genes (dnaA and dnaN) related to DNA replication and its PCEs are very similar to the DnaA-binding site (DnaA-box:TTATCCACA). yqeG, another member of cluster 24, has two DnaA-like PCEs in its upstream region. It is known that DnaA box is often found in multiple copies. Moreover, cluster 16 contains yqeG and dnaA, its PCEs being very similar to the Spo0A-binding site. Thus, it is likely that both DnaA and Spo0A bind to the upstream regions of yqeG and dnaA, suggesting a new crosstalk of regulatory networks between DNA replication and sporulation. yqeG, whose function cannot be inferred by sequence similarity, may be involved in DNA replication and/or sporulation. As there are many additional cases where functionally related genes are included in the same cluster (see Additional data files), we expect that future experiments will prove that at least some of them are co-regulated.
On the possibility of misclustering due to general patterns
In our method, there is a concern that a set of functionally unrelated genes can be clustered from general motifs such as the -35/-10 boxes and the SD sequence. Thus, we investigated the occurrences of these motifs in the clusters.
As the SD sequence is located at some relatively definite distances from the translation start site, which is known at least in principle, it is relatively easy to detect the SD sequence.
With the criterion described in Materials and methods, we excluded 34 clusters, all members of which contain an SD-like PCE (Table 3) . Apparently, many of these genes are translation related (that is, ribosomal proteins and elongation factors). Possibly their SD sequence has been highly conserved to maximize their translation efficiency. Another possibility is that there are some factors that recognize such SD-like PCEs and that these clusters are co-regulated by them.
It is more difficult to detect the -35/-10 boxes than the SD sequence because the distance between the start sites of transcription and translation is rather variable. We investigated the number of known -35/-10 boxes overlapping with the PCEs using the DBTBS database [19, 20] . As shown in Table 4 , 19% of them overlap with the PCEs on average. It is possible that the presence of the -35/-10 boxes might have affected the clustering of clusters 7, 22, 42, 53, 122, 129, 134 and 144. However, we do not regard this as a serious problem because the conservation of these boxes is relatively weak and because it is natural that many regulatory elements overlap with the -35/-10 boxes. Namely, if a PCE overlaps with the -35/-10 box in a cluster, it does not directly mean that the clustering is a mistake. On the other hand, it could be also problematic if no -35/-10 like elements were found around PCEs because it may not be a promoter region but an intergenic region within an operon. However, considering that it is still difficult to predict the position of promoters in bacterial genomes exactly, we did not use information of promoter existence in our scheme. In future, it seems to be reasonable to include the prediction of operon structure in our method [32] [33] [34] .
Conclusions
In this work, we aligned the upstream regions of orthologous genes between three closely related species and identified the PCEs within them. Genes of B. subtilis were then clustered according to the similarity of the PCEs in their upstream region. Most parameters in our method were determined such that as many known co-regulated genes are clustered together and the nature of the clustered genes was thoroughly investigated. In this sense, the use of closely related species, one of which has a long history of experimental research, was essential in our work.
There are several potential difficulties in our approach. One is that the regulatory system of co-regulated genes must be conserved in a pair of species at least. In fact, even in the close relatives compared, only a proportion of genes had orthologous counterparts. However, this situation will be improved as the number of sequenced bacterial genomes increases. Another is that it is difficult to cluster genes harboring relatively short and/or variable elements. For example, although many of the known binding sites for CcpA, AbrB, Spo0A and LexA overlap with PCEs, genes regulated by them were not clustered well with a reasonable value of the cut-off score. Currently, it is rather difficult to detect elements of about 6 bp long. It seems biologically reasonable, however, that in some large regulons, such as one regulated by CcpA, its binding affinity is modulated for each element. Thus, that all members of a known large regulon are not clustered is not always a failure of our approach. The Table 3 Clusters having SD-like PCEs third difficulty is related to the operon structure of bacterial genes. In some operons, the order of constituent genes is not conserved across species. Our method could not deal with cases when the position of the first gene was changed. As noted above, future incorporation of operon prediction may be useful. In fact, there is already research combining the predictions of transcription units and transcription factor binding sites [8] .
On the other hand, our method could detect not only the DNA-binding sites for transcription factors but also some binding sites in RNA or conserved RNA secondary structure elements. This seems to reflect the fact that B. subtilis heavily exploits the antitermination mechanism to control gene expression [22] . Thus, our method could grasp a global feature of the gene regulatory mechanism in B. subtilis, without any a priori knowledge about it.
In conclusion, although it is difficult to detect the entire set of co-regulated genes with our method, it can be used as a powerful tool to explore them. In addition, our results can be used as criteria for comparing results from other methods, and are useful for developing a more elaborate method. Thus, our approach is a model for further studies.
Materials and methods
Genome sequence data
Genome sequences of B. subtilis [17] and B. halodurans [18] with the annotation information were obtained from GenBank [35] (accession numbers: AL009126 and BA000004, respectively). Unfinished genome sequence of B. stearothermophilus was downloaded from the website of the B. stearothermophilus genome-sequencing project at the University of Oklahoma [36] .
Identification of orthologous genes
Genes orthologous between B. subtilis and B. halodurans were obtained by finding the best match counterpart of amino-acid sequence from each genome with BLASTP [37] . As the annotation in the genome of B. stearothermophilus was not given, orthologs between B. subtilis and B. stearothermophilus were obtained as follows: a TBLASTN search was done against the contig sequences of B. stearothermophilus for each amino-acid sequence of B. subtilis. If the best-hit alignment started before the tenth residue of the query, this translated counterpart was used as a BLASTP query against all B. subtilis sequences. If its best hit was identical with the initial query, they were regarded as orthologous.
Alignment of upstream regions
Although binding sites for transcription factors can sometimes exist in coding regions, we excluded B. subtilis genes with upstream intergenic regions of less than 50 bp from further analyses, in order to reduce potential noise. Next, the upstream 300 bp region of each B. subtilis gene and that of an orthologous gene, if any, were aligned with a local pairwise alignment program LALIGN [38, 39] . The open gap penalty was set to 20, which is higher than the default value. Locally conserved regions in an upstream region of 300 bp from closely related species were realigned with the entire upstream region of B. subtilis without overlap. The most conserved element of either B. halodurans or B. stearothermophilus was first aligned with the upstream 300 bp sequence of B. subtilis. Next, the second most conserved element is aligned, unless this element overlaps with the previous alignment. This procedure was repeated for all detected elements. The final alignments are shown in DBTBS [19, 20] .
Identification of phylogenetically conserved elements (PCEs)
On the basis of the alignments described above, we defined PCEs within the upstream noncoding region as follows: first, 3 bp segments where all of the nucleotides were conserved for three species were sought. Then, each segment was extended until a consecutive unconserved site appeared for each direction. Unless its score was less than 10, the sequence was designated a PCE (for the scoring of PCEs, see below). To increase the number of PCEs, we also identified PCEs even when they were conserved in only two species under a more stringent condition: segments of 6 bp where the nucleotides were conserved at all positions were first sought. Then, each sequence was extended in each direction until it faced a 3 bp segment in which two of the positions were unconserved. Unless its score was less than 20, it was assigned as a PCE (the cut-off score was chosen by observing the number of spurious PCEs detected when the upstream regions are joined to unrelated coding sequences). Thus, a PCE is an alignment of three or two conserved fragments from different species.
Scoring PCEs
Suppose a PCE, denoted by M, consists of a set of fragments of (two or three) species, S. The score of M was defined by Score(M) = -log 2 [< x F xi Nx >] ( i S, x A, T, G, C),
where the brackets (< >) denote an average over S, F xi denotes the fraction of nucleotide x in the 300 bp upstream sequence of species i, and N x is the number of positions at which nucleotide x is conserved over S in M. Thus, the score of PCEs becomes low if they are short and rich in frequent nucleotides.
Clustering genes
Genes were clustered according to the similarity of PCEs in their upstream region. A similarity measure (s MN ) between two PCEs, M and N, was defined by the sum of all pairwise alignment scores between any constituent sequences from both PCEs: where l mn denotes the score of the Smith-Waterman local alignment algorithm [40] between constituent sequences m and n (the match score, the mismatch cost and the gap cost were set to 1, 2 and 3, respectively); nc denotes the reverse complement of n; and d is an empirical cost for selecting nc (we set d = 0.9). As s MN becomes larger as the number of constituent sequences of M and N is larger, s MN was further normalized as follows: We used a simple algorithm UPGMA [41] to cluster genes. The UPGMA algorithm was continued until no pairs of PCEs have a normalized similarity value of more than 60. We chose all of the above-mentioned empirical parameters by observing the results for known co-regulated genes.
Discarding clusters with SD-like PCEs
We discarded clusters when all of their members contain the SD sequence-like elements. More specifically, a member is considered to have an SD-like element if the B. subtilis sequence of its PCE contains a 5 bp segment where there are at least two Gs and one A but no Cs, and if this segment lies within the region 20 bp upstream from the translation initiation site. Subsequently, the cluster was discarded if all of the other members also have its corresponding regions.
Additional data files
A table showing all clusters ranked by the highest similarity score within each cluster is available as an Excel file with the online version of this paper.
